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Abstract

Traditional Group Decision Making models have
often used artificial intelligence tools, such as fuzzy
logic, to act as moderators among multiple human
experts tasked with selecting the best option from a
set of alternatives. These models facilitated consensus
by interpreting and integrating diverse expert opinions.
However, the advent of generative Artificial Intelligence
models introduces a new challenge: how to integrate
these advanced models as active participants in the
decision group, alongside human experts. This paper
proposes a new hybrid consensus framework that
integrates generative large language models as key
contributors to the negotiation process. By taking
advantage of the unique strengths of both human
expertise and AI-driven insights, our framework aims
to enhance the robustness and efficiency of group
decision making. We explore methods for effectively
integrating generative models, addressing potential
biases, and ensuring coherent collaboration between
human and AI participants. This approach not only
enriches the decision making process, but also sets a
precedent for future collaborative systems combining
human knowledge and artificial intelligence.

Keywords: Group Decision Making, Soft Consensus,
Large Language Models, Fuzzy Logic, Generative AI.

1. Introduction

Group decision making (GDM) is a complex process
that involves integrating diverse opinions and expertise
to reach a consensus. This process is critical in various
fields, including healthcare, finance, and policy-making,
where collective judgment is essential for making
informed and balanced decisions, (Hirokawa & Poole,

1996). Traditional approaches to group decision-making
often struggle with effectively managing differing
perspectives and ensuring that all voices are adequately
considered, leading to potential conflicts and suboptimal
outcomes.

Fuzzy logic is a valuable Artificial Intelligence (AI)
tool for supporting GDM by modeling the concept
of soft consensus, (Cabrerizo, Moreno, et al., 2010).
This approach also allows for the representation of
uncertainty and partial truth inherent in human opinions
and judgments. Fuzzy logic systems can aggregate
these nuanced inputs to facilitate a more flexible and
inclusive consensus process, effectively bridging the
gap between rigid decision rules and the complexity of
human reasoning.

The advent of generative LLMs offers a new
dimension for enhancing GDM frameworks. On one
hand, these new AI tools can be used as a simple
complement to traditional GDM models in order to
enrich them with new capabilities such as natural
language processing and sentiment analysis that make
them able to make deeper processing of the expert’s
preferences. For example, in Trillo et al. (2024), authors
use sentiment analysis and LLMs to analyze the experts’
behavior during the debate by measuring the positivity
and aggressiveness level of their comments and using it
later to adjust the weight of their assessments.

On the other hand, with their advanced natural
language understanding and generation capabilities,
Large Language Models (LLMs) can act as
sophisticated participants in the consensus reaching
process. By integrating LLMs as active contributors,
it is possible to create a hybrid model where both
human expertise and AI-driven insights work together
to improve overall decision quality. This integration
presents new challenges and opportunities, particularly
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in ensuring coherent and unbiased communication
between human and AI agents.

The primary goal of this contribution is to propose
a new hybrid consensus framework that incorporates
generative LLMs alongside human experts. This
framework aims to leverage the strengths of both
parties to achieve more robust and efficient consensus
outcomes. By addressing key challenges such as bias
mitigation and interpretability, this hybrid model aims
to set a new standard for GDM models.

To achieve this goal, we used an open source
framework called LangChain, whose tools and
APIs simplify the process of building LLM-driven
applications. In this way, we can have human opinions
and model answers under the same system. Thus,
we used LangChain as a common interface for both
human experts and LLMs, providing a centralized
development environment. In addition, we have taken
into account the factors to consider when selecting an
LLM, published in Mandvikar (2023). In such a way,
we selected the most appropriate ones to perform the
different experiments to test and validate the proposed
framework over a real-world case of use.

The remainder of this article is organized as
follows: Section 2 presents the related works, providing
background on fuzzy logic and LLMs reasoning in
decision-making contexts. Section 3 details the
development of the hybrid consensus model. Section
4 provides an illustrative example of the model in
a real-world scenario. Finally, Section 5 discusses
conclusions and future work, outlining potential areas
for further research and application.

2. Related Works

In this section, a brief summary of different kinds
of related approaches is presented. Firstly, the use of
fuzzy logic in classical GDM approaches is analyzed.
Secondly, other AI tools that can be used as a
complement to improve the GDM models as sentiment
analysis or LLMs are introduced. Finally, some systems
that use just LLMs to accomplish the GDM tasks are
presented.

2.1. Fuzzy logic in classical group decision
making.

In group GDM problems, the consensus process is
an iterative mechanism consisting of multiple rounds
of discussion. During these rounds, experts are asked
to adjust their preferences based on the guidance
provided by the moderator, (Pérez et al., 2020). The
moderator plays a central role in this process. Typically,
the moderator is a person who does not actively

participate in the discussions, but who has extensive
knowledge of each expert’s preferences and the overall
level of agreement throughout the consensus process.
The moderator’s primary responsibility is to oversee
and guide the process toward successful consensus.
This includes maximizing the level of agreement and
systematically reducing the number of experts whose
preferences remain far away from collaborative ones in
each iteration.

Fuzzy logic has been a cornerstone of classical
GDM models, particularly for its ability to handle
uncertainty and approximate reasoning. Traditional
decision-making approaches have faced the challenge
of integrating diverse and sometimes conflicting expert
opinions. Fuzzy logic addresses this by allowing
for partial membership in decision sets, allowing for
more detailed interpretations of expert input. This
approach derives the concept of soft consensus, where
agreement is not strictly binary but can vary in
degree. Soft consensus is particularly valuable in
group settings because it accommodates a range of
opinions and helps moderate discussions to converge
on a solution that reflects the collective judgment.
Therefore, by using fuzzy logic, GDM frameworks can
better manage ambiguity and support more flexible,
inclusive consensus-building processes, (Cabrerizo,
Moreno, et al., 2010; Kacprzyk & Nurmi, 1998).

An essential aspect of applying fuzzy logic to GDM
is the use of linguistic labels to represent and analyze
expert opinions, (Morente-Molinera et al., 2015).
Linguistic labels, such as ”most likely”, ”possible”, or
”unlikely”, provide a more intuitive and human-readable
way to express degrees of uncertainty and preference.
These labels are transformed into fuzzy sets, which can
then be mathematically manipulated to aggregate and
compare different opinions. This method allows for a
more seamless integration of qualitative judgments into
the decision-making process. By using linguistic labels,
fuzzy logic systems can capture the subtleties of expert
judgment and provide a more natural and accessible
means of reaching a high soft consensus level. This
approach not only increases the inclusiveness of the
GDM process, but also improves the overall quality
of the consensus by ensuring that all perspectives are
adequately represented and considered.

A fuzzy linguistic preference relation (FLPR) P is
defined over a set of alternatives A = {a1, a2, . . . , an}
and is represented by a matrix P = [pij ] of dimension
n × n, where each element pij is a linguistic value
indicating the preference of element ai over element aj ,
(Pérez et al., 2011a).

Linguistic values are qualitative terms such as ”very
preferred”, ”moderately preferred”, ”equal,” etc. These
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terms can be converted into fuzzy numbers for easier
mathematical handling. A common approach is to use
trapezoidal or triangular fuzzy sets to represent these
linguistic terms.

For example, a set of linguistic values S could be:

S = {s1, s2, . . . , sm}

where each sk represents a linguistic term.
Suppose we have a linguistic scale S with five terms:
S = {s1, s2, s3, s4, s5}, where:

• s1 = ”very low preference”

• s2 = ”low preference”

• s3 = ”equal preference”

• s4 = ”high preference”

• s5 = ”very high preference”

Each term can be represented by a fuzzy number, for
example:

• s1 → (0, 0, 0.1, 0.2)

• s2 → (0.1, 0.2, 0.3, 0.4)

• s3 → (0.3, 0.4, 0.6, 0.7)

• s4 → (0.6, 0.7, 0.8, 0.9)

• s5 → (0.8, 0.9, 1, 1)

The fuzzy linguistic preference relation P could
have the following form for a set of three alternatives:

P =

 − s1 s3
s3 − s4
s5 s2 −


2.2. Human-in-the-loop decision making with

automation.

Human-in-the-loop (HITL) decision making with
automation is a well-established concept where human
judgment is integrated with automated systems to
enhance overall decision accuracy and efficiency.
Historically, HITL approaches have been pivotal in
fields where complex, unpredictable scenarios require
human intuition and experience to guide and improve
automated processes. This concept originated in early
computational models from the 1970s, (Dunn, 1973),
where researchers recognized the limitations of fully
automated systems in handling ambiguous or nuanced
situations. Initially, these approaches primarily focused

on AI as an assistive tool rather than an active
participant.

Over the decades, the advancement of machine
learning and AI has led to more sophisticated
implementations of HITL, particularly in areas
like medical diagnostics, financial forecasting, and
autonomous driving, where human oversight is crucial
for safety and ethical considerations. Recent literature,
such as Fosch-Villaronga et al. (2021) and Sele and
Chugunova (2024), not only has further explored the
integration of HITL in modern AI systems, emphasizing
enhanced performance through adaptive learning
algorithms that learn from human feedback in real-time,
but also has concluded that this framework decreases
accuracy but increases uptake of automated decision
making.

Our research builds upon these foundations but
extends them by integrating different LLMs as active
decision-making agents within the HITL framework.
Unlike previous models, our approach leverages the
unique capabilities of LLMs to interpret and generate
complex language-based inputs, thereby enhancing
the collaborative decision-making process and offering
new insights into potential AI-human synergies.
Key challenges such as bias mitigation are directly
addressed, highlighting the distinctiveness and novelty
of our work.

2.3. Sentiment Analysis and LLMs in classical
group decision making.

On one hand, some approaches focus on the use
of Sentiment Analysis (SA) in GDM processes, (Trillo
et al., 2023). In these papers, SA is used to categorize
experts’ comments during debates as aggressive or
non-aggressive, helping to understand their behavior
and improve consensus measures. By incorporating
linguistic features and machine learning techniques, the
proposed method assigns weights to experts’ opinions,
improving the decision-making process by considering
both the content and emotional tone of the debate.

On the other hand, some approaches claim that it
is not necessary to develop and train a complete SA
algorithm for the task described above. It is sufficient
to include a large pre-trained model by using its API,
which can help to categorize comments in an efficient
way, (Trillo et al., 2024). LLMs offer significant
advantages in this context. They are able to process and
analyze large amounts of text quickly and accurately,
understand nuanced language, and detect subtleties
in sentiment that may be missed by simpler models.
Furthermore, the integration of LLMs can facilitate
real-time sentiment analysis and feedback, helping to

Page 1795



dynamically adjust the decision-making process based
on the evolving sentiments and arguments presented
during debates, thereby improving the overall efficiency
and accuracy of GDM processes.

2.4. Reasoning and debating with LLMs.

Large pre-trained models exhibit different
capabilities due to their diverse training data
and architectural variations. This has spurred the
development of ensembles, (Sagi & Rokach, 2018) in
multimodal learning, (Li et al., 2022). The Mixture
of Experts technique, a popular ensemble learning
method, trains multiple smaller specialized models to
increase robustness and overall accuracy, (N. Du et al.,
2022). Specific to language models, Self-Consistency,
(X. Wang et al., 2023) generates multiple reasoning
paths using CoT and selects the most consistent answer
as the final output. In (Jiang et al., 2023), the authors
propose LLM-Blender, a method for ranking and
merging outputs from different models.

Advances in LLM have catalyzed the development
of sophisticated prompting and fine-tuning techniques to
address reasoning problems, for example, L. Wang et al.
(2023). While eliciting reasoning from a single agent
is promising, it is fundamentally limited by the lack of
diverse insights.

In this research line, several recent approaches have
been focused on multi-agent debating frameworks, for
example Y. Du et al. (2023), but they are predominantly
limited to multiple instances of the same underlying
language model.

Unlike these approaches, in Chih-Yao Chen et al.
(2023) the authors analyze communication through
explanations between different LLM agents and
their ability to discuss and persuade each other to
improve collective reasoning. In such a way, this
approach presents a framework called ReConcile to
enhance the reasoning capabilities of LLMs through
a round-table conference among diverse LLM agents.
Inspired by the ”society of minds” concept, ReConcile
fosters collaborative discussions between LLMs over
multiple rounds, where agents aim to convince each
other to improve their answers. The framework
incorporates human-correcting explanations and a
confidence-weighted voting mechanism to achieve
better consensus. Each discussion round involves
generating revised explanations and answers based on
previous rounds, taking into account confidence scores,
and leveraging demonstrations of convincing human
explanations. Furthermore, in multi-model multi-agent
systems, estimating each agent’s confidence and their
ability to defend or improve their opinions become

critical components due to individual differences.
However, a notable drawback of ReConcile is that
the questions addressed are limited to binary yes/no
answers, rather than classifying multiple alternatives.
This limitation may restrict the applicability of the
framework to more complex reasoning tasks that require
nuanced or multi-class responses.

By looking at Figure 1, it is possible to get an idea
of the main differences between the different proposals
that exist in the literature in this research line.

Self-Refine

MAD+Judge

Multi-Agent 
Debate (MAD)

ReConcile 
(Group-Discuss-and-Convince)

Yes, with 95% 
confidence

No, with 50% 
confidence

No, with 40% 
confidence

yes no

no

yes no
no

yes no

no

Question (Q):
Is an ammonia fighting cleaner 
good for pet owners?

Human Explanation (Exp):
Ammonia is a component in pet 
urine. It has an unpleasant odor.

Gold Answer: Yes 

Convincing Samples

Q X
Q 
+ 

Exp V

ChatGPT

Bard

Claude

yes

(          ,           )

(          ,           )

Confidence Estimation

(40% no, 50% no, 95% yes)

yes  no

0.8  0.2

𝑓(𝑝)

Figure 1. Chih-Yao Chen et al. (2023) The main

differences among previously introduced approaches

As a conclusion to this section of related work, it is
worth noting that there exist several kinds of AI systems
that help people make decisions in different ways:

• Systems that help people to make individual
decisions.

• Systems that help to reach consensus in GDM
problems

• Systems that use an LLM to help in any way with
the decision-making problem

• Systems that integrate different LLMs to debate
about the best alternative from different points of
view.

However, there are no hybrid models, which take
the best of the above systems, integrating the best of
both people and LLMs working and reasoning together
through the same system.

3. Framework Architecture and process
workflow

This section describes the architecture and the
workflow of the system.

3.1. Framework architecture

As the primary orchestrator of the proposed
architecture, we consider the use of LangChain.
LangChain is an open-source, foundational framework
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that offers several advantages for developing our hybrid
consensus model that integrates LLMs and human
experts. In this way, LangChain provides a flexible and
scalable infrastructure that simplifies the deployment
and orchestration of multiple AI models. Its modular
architecture allows seamless integration of different
LLMs, facilitating experimentation with different sets
of models to determine the most effective combinations.
In addition, LangChain’s robust support for natural
language processing and understanding enables the
development of sophisticated communication protocols
between AI agents and human participants. This
increases the overall coherence and effectiveness of our
decision-making process, (Mahadevan, Raman, et al.,
2023). By leveraging LangChain advantages, our
system can efficiently combine the strengths of both
AI and human expertise, ensuring a more robust and
dynamic approach to reaching consensus.

3.2. Process workflow

The process workflow is determined by Algorithm 1,
which is detailed in the following subsections

3.2.1. Initial Review:

• Human Experts: Each human expert reviews a
subset of alternatives. They provide initial scores
and qualitative feedback based on their expertise
in the subject matter but taking into account the
different criteria.

• LLMs: Using Langchain to join the GDM
system, each LLM reviews the same alternatives.
The LLMs’ assessments include a structured
analysis focusing on similar criteria as the human
experts.

The structure of the initial scores may depend on
each particular problem, but for clarity and consistency
of the data, both experts and LLMs should use the
same normalized structure of preferences. The most
commonly used structures, each one with its own
advantages and drawbacks, are presented in Chiclana
et al. (1998).

3.2.2. Preliminary Scoring:

• Combining Insights: The initial scores and
feedback from both human experts and LLMs are
compiled. The framework ensures that both sets
of scores are normalized to maintain consistency
and comparability. This combination depends
on the chosen preference representation structure.
For this, it will normally be necessary to use an

Algorithm 1 Hybrid Consensus Framework for GDM
problems

1: Input: Set of alternatives {Alt1, Alt2, ..., Altn}
and criteria {Crit1, Crit2, ..., Critn}

2: Output: Final selected alternatives {Altselected}
3: Initial Review:
4: for each alternative Alti do
5: Human Experts: Assign alternative Alti to a

subset of human experts
6: Each expert reviews Alti and provides initial

scores and qualitative feedback
7: LLMs: Use Langchain to review Alti using APIs

to connect with different pre-trained models
8: LLMs provide preliminary assessment taking

into account the different criteria
9: end for

10: Preliminary Scoring:
11: Combine scores and feedback from human experts

and LLMs
12: Normalize scores and check consistency
13: Identify and mitigate biases in LLMs’ assessments
14: Check Consensus level
15: Consensus Reaching:
16: repeat
17: Deliberation Phase: Conduct virtual meeting

with human experts and LLMs
18: Experts discuss their views, LLMs provide

additional insights
19: Negotiation and Re-evaluation: Experts and

LLMs are asked to re-evaluate alternatives based
on new criteria or perspectives

20: Reassess alternatives based on the new insights
21: Combine new scores and feedback
22: Normalize scores, check consistency and address

any new biases
23: until required consensus level is reached or a

predetermined number of iterations is completed
24: Final Selection:
25: Synthesize combined recommendations of human

experts and LLMs
26: Rank alternatives based on final scores and

qualitative feedback
27: Final review for coherence and alignment with the

decision-making criteria
28: Output: List of selected alternatives {Altselected}
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aggregation operator from the OWA family, that
suits the particular needs (use of lingustic labels,
different weights, etc.).

• Addressing Biases: In this case, a human expert
point of view is needed to identify and mitigate
any biases in the LLMs’ assessments. This step
is crucial to ensure that the AI’s contributions are
fair and unbiased.

• Check Consensus Level: In order to be able to
decide when a satisfactory level of consensus has
been reached, allowing a decision to be made in
accordance with the assessments of both experts
and different LLMs without distancing ourselves
too far from any particular opinion, we need
to establish the calculation of a soft consensus
measure.

Again, this calculation depends on the chosen
preference representation structure, together with
different measures of proximity between the
individual opinions and the collective opinion. A
good example of how such a consensus measure
can be computed can be studied in Cabrerizo,
Moreno, et al. (2010) and del Moral et al. (2018)

3.2.3. Consensus Reaching: If the consensus level
is not high enough, or a predetermined number of
iterations has not been completed:

• Deliberation Phase: Human experts and LLMs
engage in a structured deliberation process.
Using the Langchain platform, which shows to
the participants the different distance measures
computed in the previous step, a virtual meeting
is simulated where human experts discuss their
views, and LLMs provide additional insights
and counterpoints based on their analysis. The
discussion is guided by a moderator to ensure all
perspectives are considered.

• Negotiation and Re-evaluation: Throughout
this phase, experts and LLMs are asked to
re-evaluate certain alternatives based on new
criteria or perspectives discussed during the
meeting. The models’ ability to generate
detailed responses facilitates a dynamic
and iterative decision-making process. This
re-evaluation includes considering new evidence
or re-analyzing data with adjusted parameters.

3.2.4. Final Selection: If the consensus level is
high enough, or a predetermined number of iterations
has been completed:

• Synthesis of Recommendations: The framework
synthesizes the combined recommendations of
human experts and LLMs. Alternatives that
receive high consensus scores from both human
and AI participants are prioritized for selection.
The synthesis process involves creating a ranked
list based on the final scores and qualitative
feedback, (Herrera et al., 1995).

• Ensuring Coherence: The final list of
selected alternatives undergoes a final review
to ensure coherence and alignment with
the decision-making criteria. This includes
ensuring a balanced representation of options
and methodologies, as well as checking for
redundancy and overlap.

Finally, to illustrate this workflow, A sequence
diagram of the proposed system can be observed in
Figure 2.

Figure 2. Sequence Diagram

3.3. Outcome

The proposed hybrid consensus framework enhances
the robustness and efficiency of the decision-making
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process. By leveraging the strengths of both human
expertise and AI-driven insights, the GDM system can
make more informed and balanced decisions. This
approach not only improves the quality and diversity
of the selected alternatives but also demonstrates a
scalable method for integrating AI into collaborative
decision-making systems. The process ensures
a transparent and accountable selection procedure,
fostering trust and credibility in the decisions made.

4. Real World Scenario: Editorial
Selection Process for an Academic
Journal

The editorial board of a prestigious academic journal
is tasked with selecting the best articles for publication
in the upcoming issue. This decision-making process
involves different human editors, each with their
own expertise and preferences, and several generative
(LLMs) integrated via Langchain.

1. Initial Review:

• Human Editors: Each human editor
reviews a subset of 4 submitted articles.
They provide initial scores and qualitative
feedback based on their expertise in the
field. Specific scoring criteria include
relevance to the decision context, novelty
of the alternative, methodological rigor,
and clarity of presentation. The chosen
preference representation structure is the
FLPR, using the details presented in Section
2.1. Therefore, each expert should express
a single FLPR like this, in addition to a free
comment input:

P1 =

 − s3 s1
s3 − s4
s5 s2 −


• LLMs: Using Langchain, each LLM

reviews the same articles. The models
are pre-trained on large academic databases,
allowing them to make a preliminary
assessment of the articles according to the
pre-defined criteria. In the same way, each
LLM is asked to format his own report in
the same structure as human preferences.

2. Preliminary Scoring:

• Combining Insights: Using the LOWA
operator, the initial scores of both human
editors and LLMs are combined to produce
a collective FLPR.

• Addressing Biases: The editor-in-chief is
in charge of identifying and mitigating any
biases in the LLMs’ assessments. This
step is crucial to ensure that the AI’s
contributions are fair and unbiased, (Lin
et al., 2024).

• Checking Consensus Level: In this case,
we have selected the consensus measure
from Pérez et al. (2011b), that is:
(a) For each pair of experts, a similarity

matrix is computed.
(b) A consensus matrix, CM , is calculated

by aggregating all the similarity
matrices using the arithmetic mean as
the aggregation function

(c) Once the similarity and consensus
matrices have been calculated, the
next step involves determining the
consensus degrees at three distinct
levels. These individual consensus
degrees are then combined to derive an
overall consensus degree, referred to as
the consensus on the relation, CR. This
value has to be in the interval [0-1].

If the consensus measure CR has not
attained the stipulated minimum consensus
level CL and the number of rounds
has not exceeded the predetermined
maximum iterations (defined before the
commencement of the decision process), it
is imperative to revise the expert opinions
that are hindering agreement.

3. Consensus Building:

• Deliberation Phase: Human editors and
LLMs engage in a structured deliberation
process. Using the Langchain platform, a
virtual meeting is held where human editors
discuss their views, and LLMs provide
additional insights and counterpoints based
on their analysis.

• Negotiation and Re-evaluation:
Throughout this phase, editors and LLMs
are asked to re-evaluate certain articles
based on new criteria or perspectives
discussed during the meeting. The
models’ ability to generate nuanced
responses facilitates a dynamic and iterative
decision-making process.

4. Final Selection:

• Synthesis of Recommendations: The
framework synthesizes the combined
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recommendations of human editors and
LLMs. Articles that receive high consensus
scores from both human and AI participants
are prioritized for publication. To do so, in
order to establish a consensual ranking of
the different papers, the selection process
defined in Cabrerizo, Heradio, et al. (2010)
has been developed.

• Ensuring Coherence: The final list of
selected articles undergoes a final review
from the editor-in-chief to ensure coherence
and thematic alignment with the journal’s
focus and upcoming issue’s theme.

A summary of this process for selecting the best
articles for publication can be observed in Figure 3.

Figure 3. Selecting the best articles for publication

process

5. Discussion of results

This section presents the key findings from
the experimental validation of our proposed hybrid
consensus framework, which integrates Large Language
LLMs as active participants alongside human experts in
the group decision-making process. The primary aim

of these experiments was to assess both the speed of
convergence reaching consensus and the overall quality
of the involved decisions. To achieve this, we simulated
decision-making scenarios where human editors and
LLMs collaboratively reviewed and selected the best
articles for publication by following the previous section
steps. The framework’s performance was evaluated
based on how quickly consensus was achieved and how
well human and AI contributions aligned during the
process.

To provide a more comprehensive evaluation of
our framework, we compared its performance against
a previously published model Pérez et al. (2020),
which employed a more traditional approach to
consensus building based on gamification techniques
to increase the expert´s experience. The results,
illustrated in Figure 4, showcase key metrics such as
convergence speed and consensus level over several
decision-making rounds. This comparison emphasizes
the improvements offered by our model, particularly
in terms of decision-making efficiency, while also
highlighting its superior flexibility and adaptability to
dynamic decision-making environments.

We conducted multiple simulations involving
different numbers of experts (humans or LLMS) and
options to thoroughly examine the model’s convergence
behavior. In these simulations, the consensus among
experts increased progressively with each discussion
round, as shown in Figure 4. This indicates that the
model facilitates higher levels of agreement among
experts as the process advances, underscoring its
effectiveness in guiding decision-making toward a more
unified outcome.

Figure 4. Consensus Level comparative in successive

discussion rounds.
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6. Conclusions and future work

This study presents a pioneering hybrid consensus
framework that incorporates generative LLMs alongside
human experts in group decision-making processes.
Traditional models have primarily relied on AI
tools, such as fuzzy logic, to moderate and integrate
human expert opinions. However, the integration of
generative AI models as active participants introduces
new dynamics and opportunities for enhancing
decision-making processes.

The proposed framework demonstrates that
combining the unique capabilities of generative LLMs
with the nuanced expertise of human participants can
lead to more robust and efficient consensus outcomes.
By addressing challenges such as potential biases,
communication coherence, and the roles of AI and
human participants, our approach ensures a balanced
and effective negotiation process.

This innovative framework sets a precedent for
future research and application in collaborative
decision-making systems. It highlights the importance
of interdisciplinary approaches that integrate artificial
intelligence with human insights, paving the way
for more sophisticated and adaptive decision-making
environments. Further work is needed to refine
integration techniques, improve the interpretability of
AI contributions, and ensure seamless interaction
between human and AI participants in diverse
decision-making scenarios.

Future research will focus on refining the integration
of generative LLMs into group decision-making
frameworks. Key areas for exploration include
developing automatic algorithms to mitigate potential
biases introduced by AI models and enhancing the
interpretability of their contributions, (Brown, 2024).
Additionally, research on the dynamics of human-AI
interaction in various decision-making contexts will
be crucial, (Echterhoff et al., 2024). This involves
understanding how different types of LLMs and human
experts can best complement each other and identifying
optimal strategies for facilitating seamless and effective
communication between them. Finally, Another
promising direction is the application of this hybrid
consensus framework across diverse practical domains,
such as healthcare, finance, and policy-making, to
evaluate its versatility and impact.
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